Unmanned aerial vehicles (UAVs) can enhance the overall performance of terrestrial communication systems due to their high possibility of the line of sight (LoS) links and on-demand deployments. The advantages of the UAV position optimization now attract attentions from researchers to study the cooperation among static UAV relays. In this paper, we study a relaying system, where multiple UAVs establish a cooperative UAV relay network to help some transmitters (Txs) communicate with their corresponding receivers (Rxs) by employing orthogonal frequency division multiple access (OFDMA). We maximize the paired Tx-Rxs' minimum rate through solving a non-convex, information causality constraints involved problem by optimizing the UAV relays' locations, nodes' powers, and bandwidth allocations together. An iterative algorithm is proposed by using block coordinate descent (BCD) and successive convex approximation (SCA) methods. Moreover, we also propose a new position initialization method, discuss some special cases of our problem to show some insights for future works, and prove the convergence of our algorithm. Simulations show the effectiveness of our proposed algorithm, some interesting trade-offs about the optimized UAVs' locations, and the influence of available resources.
I. INTRODUCTION
Unmanned aerial vehicles (UAVs) evolve from bomb carriers and reconnaissance equipments, into civilian applications such as children toys, package delivery vehicles, or communication assistants. One studies the optimization of UAV trajectory and position, and air-to-ground channel models in recent years and tries to integrate UAVs into 5G communication systems to enhance the system performance by utilizing some unique characteristics of UAVs, such as the high line of sight (LoS) links' possibility [1] . Moreover, in the literature, UAVs have been widely applied as base stations [2] , [15] , [16] , [19] - [22] , [28] , [29] , relays [3] , [17] , [18] , [24] - [27] , wireless chargers [4] , data collectors/disseminators [5] , [23] , and mobile edge computing (MEC) servers [6] .
In general, the communication problems about UAV mobility can be categorized into two cases. One is the trajectory optimization problem, and the other is the static The associate editor coordinating the review of this manuscript and approving it for publication was Nan Wu . position optimization problem. Different applications result in these two different scenarios considering the cost, algorithm complexity, and UAVs' scope of activities. For the former, due to the UAV mobility, it is an attractive research direction [2] - [6] . In [2] , a UAV works as a mobile base station to help a ground base station offload data to maximize the minimum user rate by optimizing its flying radius, bandwidth allocation, and user partitioning. In [3] , a UAV works as a mobile full-duplex (FD) relay to deliver data between two separated ground nodes, and other ground nodes also use the same spectrum to communicate with each other by utilizing the device-to-device (D2D) technique. It maximizes the sum rate of all nodes by optimizing the UAV's trajectory and nodes' powers. Reference [4] uses multiple UAVs to transmit information and energy simultaneously to ground users to maximize the minimum user rate while guaranteeing the energy demands of users by optimizing UAVs' trajectories and resource allocations. Reference [5] uses a UAV as a mobile relay to serve ground users in a variety of modes of practical interest. It minimizes the mission completion VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ time through jointly optimizing the UAV's trajectory and all available resources and also proposes a new type of trajectory initialization algorithm. Reference [6] uses a UAV to provide communication and MEC services to ground users to minimize the energy consumption of this MEC system by optimizing task scheduling and the UAV's trajectory. Different from the solutions of the UAV trajectory optimization problems with high mobility and adaptability to UAVs' flying time, the solutions of the position optimization problems do not own these two properties. The main advantage of solving position optimization problems is that we can use the foreknown information of users to design UAVs' locations by using some off-line algorithms, and it is easy to keep UAVs safe since they stay static all the time. However, in the trajectory optimization, we need complicated algorithms to control UAVs' trajectories with the help of time-varying channel state information and should also consider the change of environment [7] . We are motivated to study the optimization of multiple UAV relays' locations in this paper.
Before introducing the optimization of UAVs' locations, a similar problem in sensor networks has been studied [8] - [14] . Reference [8] proposes some heuristic methods to find the suitable locations of sink nodes (collecting sensor nodes' data and forwarding them to some special nodes) in a sensor network to maximize the network lifetime and uses shortest path methods to route data flows from sensor nodes to sink nodes. Reference [9] optimizes the locations of relays to connect sensor nodes and sink nodes in order to ensure that each sensor node can be covered by a certain number of relay nodes while aiming to minimize the number of relays. We refer interested readers to [10] , [11] for the optimization of the node placement and routing techniques. Moreover, in order to further improve the efficiency of sensor networks, we can use localization techniques to determine special nodes' locations and then adjust the directions of their antennas to concentrate their transmission powers. In [12] , moving targets can reflect a transmitter's signal to some asynchronous receivers, and it uses expectation maximization based algorithms (centralized or distributed implementations) to locate these targets. Reference [13] proposes cooperative and distributed algorithms for the localization of mobile sensor nodes. Its simulations show that the proposed algorithms outperform many existing algorithms with higher accuracy. Furthermore, synchronization technology is an integral part of sensor networks to ensure the cooperation among nodes, and [14] introduces it and analyzes its performance.
Firstly, in the optimization of UAVs' locations, one proves the advantages of using UAVs as static aerial base stations or relays through theoretical analyses [15] - [18] . Reference [15] studies the coverage performance of a UAV acting as a base station by optimizing its height and transmission power. It also finds the optimal separation distance between two UAVs to cover a particular area in interference and interference-free situations, respectively. Using the circle packing theory, reference [16] proposes an efficient method to distribute UAVs to cover some areas with the minimum UAVs' powers, and also derives the coverage probability based on the probabilistic LoS channel. Reference [17] uses multiple UAV relays to maximize the signal-to-noise ratio (SNR) between a transmitter (Tx) and a receiver (Rx) under the decode-and-forward and amplifyand-forward relaying protocols by forming a single multi-hop link or multiple dual-hop links. Based on different distances between the paired Tx and Rx, both of these two network structures have their advantages and disadvantages, according to the outage possibility and bit error rate performance. Moreover, the decode-and-forward protocol outperforms the other one. Reference [18] studies the capacity of a UAV relaying network with aerial 2D and 3D distributions of UAVs in an interference scenario and shows the influence of the path-loss exponent.
Secondly, some practical works make progress, and a UAV can work alone or cooperate with some facilities [19] - [25] . Reference [19] proposes a heuristic algorithm to minimize the number of UAVs to cover ground users with capacity constraints being satisfied. In [20] , multiple UAVs serve users with a spiral flight path. Its proposed placement algorithm can be deployed quickly with fewer UAVs and can guarantee the coverage performance compared with other widely used algorithms, such as k-means and strip algorithms. Reference [21] aims to optimize users' quality-of-experience requirements in a cloud radio access network by using a machine learning based method to predict users' content requests and optimize UAVs' locations. Reference [22] proposes a stochastic geometry-based method to place UAVs to help overloaded base stations offload data in order to meet the quality of service requirements of users. In [23] , two ground users send information to their respective UAVs through interference channels under the probabilistic LoS channel model. By optimizing the locations of UAVs and users' powers, it maximizes the sum rate of users. In [24] , there are some interference sources in the environment, and it aims to minimize the number of UAVs to serve a pair of users while guaranteeing the desired signal-to-interference ratio of this system by optimizing the UAVs' locations. Reference [25] optimizes the positions of UAVs and resource allocations together to maximize the system throughput in a UAV relaying system, where multiple UAVs aim to relay information from a gateway node to ground users.
Thirdly, there is a tendency to consider the connectivity among UAVs, e.g., in terms of the robustness of UAV networks [26] - [29] . Reference [26] mainly focuses on how to establish a dynamic UAV network to connect each ground node with a gateway node, and then solves this problem by playing a network formation game to guarantee the connectivity among all nodes. Reference [27] minimizes the average UAV-to-user distance while keeping UAVs connected to ground base stations to maximize the overall quality-ofservice requirements of ground users, which are served by multiple UAVs. Reference [28] proposes centralized and distributed algorithms to achieve on-demand coverage of ground users while maintaining the interconnection among UAVs by optimizing the UAVs' locations and nodes associations. Reference [29] proposes an iterative algorithm to minimize the number of UAVs to cover ground users while sustaining the robustness of this communication network.
References in sensor networks usually assume that each node has a fixed communication range, and then they do the system design based on this assumption to meet their specified objectives, which means that the system performance based on SNR needs further investigation in these works. Thus, their algorithms cannot be directly applied to UAV position optimization problems. Moreover, the aforementioned works in UAV communication systems mainly focus on the coverage performance without backhaul links, due to the assumption that UAVs have fixed backhaul links related to satellites or ground base stations by using millimeter-wave technologies, or their design objectives, and some works use heuristic methods to do the system design. This motivates us to discover the insights and potentials of more generalized system models.
Another motivation of this work is due to the fact that although the placement problem of single UAV or multiple non-cooperative UAVs could be readily settled in references, the placement of multiple cooperative UAVs is more challenging. When these UAVs are involved in relay networks, we need to establish suitable connections among them to maximize the system throughput. These interconnected links make troubles in many respects, such as handling multi-hop links' information causality, finding general ways to handle these interconnected links involved problems rather than using heuristic methods whose performance or complexity can be improved in general, and balancing loads among UAVs. Furthermore, the better performance can be achieved by jointly optimizing the UAVs' positions and all available resources, such as nodes scheduling and power allocations, and this also has not been well studied yet.
In this paper, we consider a multi-UAV-aided relaying system, where multiple UAVs establish a cooperative UAV relay network to help some transmitters (Txs) communicate with their corresponding receivers (Rxs) by employing orthogonal frequency division multiple access (OFDMA). The main contributions of this paper are summarized as follows:
• We formulate the problem, which aims to maximize the paired Tx-Rxs' minimum rate by optimizing the power allocations, UAVs' locations, and nodes scheduling, subject to the constraints on the limited resources, the information causality of the UAV, and the collision avoidance. This problem is highly non-convex due to coupled variables and information causality constraints, and it is even more complicated to be solved since we distinguish information flows of different Tx-Rx pairs, which also makes troubles in the problem formulation.
• To solve this problem, firstly, we decouple variables and reconstruct both information causality constraints and our problem. Secondly, we use block coordinate descent (BCD) and successive convex approximation (SCA) methods to solve this problem efficiently and also prove the convergence of our proposed algorithm. Finally, we prove the optimality of our joint power and bandwidth allocation problem for the given UAVs' positions, discuss some special cases of our problem, and propose a modified position initialization method.
• Simulations show the effectiveness of our proposed algorithm compared to other benchmark schemes. Moreover, some useful insights and trade-offs about the optimized UAVs' locations and the influence of available resources have also been discussed. The rest of this paper is organized as follows. In Section II, we introduce the system model. The problem formulation and solution are illustrated in Section III and IV, respectively. The convergence analysis is provided in Section V. We discuss some special cases of our problem in Section VI for possible insights. The UAV position initialization method and simulation results are shown in Section VII. Finally, we conclude this paper in Section VIII.
Notations: In this paper, scalars and vectors are denoted by italic letters and boldface lower-case letters, respectively. R M ×1 denotes the space of M -dimensional real-valued vectors. For a vector a, its Euclidean norm is represented by ||a||. For a set K, |K| denotes its cardinality.
II. SYSTEM MODEL
In Fig. 1 , multiple UAVs act as decode-and-forward (DF) relays to help each transmitter communicate with its corresponding receiver by establishing a cooperative UAV relay network with the help of data buffers of sufficiently large size. In reality, if Txs are far away from Rxs in some situations, due to obstacles or the long distance, such as service recovery after an earthquake, military communication, and emergency communication [30] , then the paired Tx-Rxs need UAVs to relay their information. Moreover, in Fig. 1 , information flows start from Txs and go into some UAVs. UAVs optimize their locations, bandwidth allocations, and power allocations to rearrange information flows that could be disassembled and exchanged among UAVs. Finally, every information flow FIGURE 1. System model. VOLUME 8, 2020 will be assembled at each specified Rx through UAV-to-Rx links.
The Tx set is denoted by k 1 ∈ K 1 with |K 1 | = K 1 and the Rx set is denoted by k 2 ∈ K 2 with |K 2 | = K 2 . We simplify our problem by letting K 1 = K 2 without loss of generality. If k 1 = k 2 , then Tx k 1 -Rx k 2 can be seen as the specified pair. The UAV set is denoted by {m, j} ∈ M with |M| = M .
Without loss of generality, we consider a 3D Cartesian coordinate system where the horizontal coordinate of Tx k 1 or Rx k 2 is denoted by
The UAV m is assumed to stay at a fixed altitude H , and its horizontal coordinate is
Moreover, each UAV's height H should be carefully assigned according to some safety regulations, and it can ensure the high possibility of LoS links.
We assume that the locations of all Txs and Rxs are known, and the distance from Tx k 1 to UAV m can be expressed as
The distance from UAV m to UAV j is
In general, any wireless link, between each UAV and any ground node in our problem, contains the LoS and nonline-of-sight (NLoS) components due to the multi-path and shadowing effects. The free space path-loss model can characterize the LoS components, and we only consider the LoS components among UAVs since they are high enough with few obstacles. To characterize the NLoS components, there are typically two methods. On one hand, we use the probabilistic LoS channel model, where the probability of the airto-ground LoS channel can be formulated as a function of elevation angles and some other factors, such as heights [31] . Theoretical analyses and experiments have shown that we can get the high LoS link's probability in areas with sufficiently high UAV and few obstacles on the ground, such as rural areas, and then we can omit the NLoS components [32] . On the other hand, we can use the Rician channel model. Reference [33] studies the relationship among the Rician factor and some parameters related to the environment and the airto-ground elevation angle. When our working environment has a large Rician factor due to the proper UAV height and environment factors, the LoS channel model can reasonably characterize the real channel. Thus, we use the LoS channel model in our problem.
In order to show possible insights and for clarity of exposition, we assume that the LoS components dominate all Tx-UAV, UAV-UAV, and UAV-Rx links, and the channel gains only depend on the distances. These channel gains follow the free space path-loss model and can be expressed as
(3a) is the channel gain between Tx k 1 and UAV m, and (3b) is the channel gain between UAV m and UAV j. ρ 0 denotes the channel power gain at the reference distance d 0 = 1 m.
Denote the part of the transmission power of Tx k 1 assigned to the link from Tx k 1 to UAV m by P s k 1 ,m . When the link Tx k 1 -UAV m is scheduled and the bandwidth allocated to this link is Bα k 1 ,m , where B is the total bandwidth, the maximum achievable rate at UAV m that comes from Tx k 1 in bits/second/Hz (bps/Hz) can be expressed as
where σ 2 is the additive white Gaussian noise (AWGN) power spectral density (W/Hz) at UAV m, which is assumed to be identical for all receivers, and γ 0 ρ 0 Bσ 2 denotes the received reference SNR at the reference distance d 0 = 1 m.
The part of the transmission power of UAV m allocated to the link from UAV m to UAV j to transmit information flows of Rx k 2 is P u m,j,k 2 . As this link has been activated and its allocated bandwidth is Bα m,j,k 2 , the maximum achievable rate at UAV j that comes from UAV m concerning the information flows of Rx k 2 in bits/second/Hz (bps/Hz) can be expressed as
Denote the transmission power assigned to the link from UAV m to Rx k 2 by P u m,k 2 , which is a part of UAV m's total power supply. If this link is scheduled for communication and we allocate bandwidth Bα m,k 2 to it, the maximum achievable rate at Rx k 2 that comes from UAV m in bits/second/Hz (bps/Hz) can be expressed as
Our system is interference-free since we use OFDMA. In general, α k 1 ,m , α m,j,k 2 , or α m,k 2 should be binary variables (0 or 1) in a practical OFDMA system, and they will increase linearly with the number of sub-carriers assigned to their links. When the number of sub-carriers is sufficiently large, these variables can be relaxed into continuous variables between 0 and 1 [34] . Thus, we have the following two constraints for bandwidth allocations
For every UAV and every Tx, their transmission powers must be constrained by maximum values. The maximum power of a Tx is usually less than or at most equal to that of a UAV.
(8a) is the power constraint of UAV m, and (8b) is that of Tx k 1 . Since we consider a multi-UAV-aided relay network, for security, the distances among UAVs should be larger than or at least equal to a specified value d min to keep all UAVs safe even if any of them loses control
Our goal is to maximize the paired Tx-Rxs' minimum rate (for fairness) by optimizing the nodes scheduling A, UAVs' positions Q, and nodes' powers P together. The optimization problem is formulated as
(7a)-(8b), (9) .
Although the sum of (10b) concerning m is equivalent to (10a), we still decide to keep (10a) to clarify our problem formulation. (10a) means that the sum of data flows from Tx k 1 to all UAVs should be larger than or at least equal to the sum of information flows from all UAVs to Rx k 2 when k 1 = k 2 .
(10b) introduces the information flow causality constraint. For UAV m and every Tx-Rx pair with k 1 = k 2 , the first term of the left-hand-side (LHS) of (10b) means that the information flows from Tx k 1 to UAV m, and the second term of it shows the information flows of Rx k 2 , which are received by UAV m and come from the rest UAVs. The right-hand-side (RHS) of (10b) has a similar explanation. Therefore, (10b) ensures that the input to UAV m is larger than or at least equal to its output for every paired Tx-Rx with k 1 = k 2 .
We introduce a slack variable η and reformulate problem (10) 
Problems (10) and (11) are equivalent since we only add a redundant variable. Firstly, the most challenging parts of problem (11) are due to the fact that three variables A, Q, P are coupled, and the fact that the non-convexity of constraints (9), (10b), and (11a) makes it difficult to find an optimal solution. Secondly, for the given Q, we need to prove that our problem is a convex optimization problem without using any approximation methods to get the optimal solution. Thirdly, for the given A and P, our problem is still a two variables coupled problem and is hard to be solved in general. Therefore, we try to use block coordinate descent and successive convex approximation methods to solve problem (11) .
IV. SOLUTION A. NODES SCHEDULING AND POWER ALLOCATION
For any given UAVs' positions Q, problem (11) is simplified as
(7a)-(8b),(10a),(10b).
We reuse all variables in constraints (10a) and (10b) as lower bounds of (12a)-(12d) without causing any confusion. Problem (12) is a convex optimization problem, and we can use CVX (a Matlab-based modeling system for convex optimization) to solve it [35] . We will prove that problem (12) VOLUME 8, 2020 is equivalent to (11) for the given UAVs' positions Q at the optimal solution, and show that all constraints in (12) must be met with equalities (active) at the optimal solution.
Lemma 1: All constraints in (12) must be active at the optimal solution to ensure the optimality of problem (12) .
Proof: Firstly, constraints (12a)-(12e) must be active at the optimal solution; otherwise, we decrease their allocated resources to achieve this goal without losing the optimality. Moreover, (7a)-(8b) must be active to get the optimal solution for the same reason. Therefore, (11) and (12) are equivalent at the optimal solution for the given UAVs' positions.
Secondly, both (10a) and (10b) must be either active or inactive at the optimal solution since the sum of (10b) concerning m is equivalent to (10a), ∀k 1 = k 2 . If we get the optimal solution but (10a) is not active, then some inequalities in (10b) must be active, and the rest are not. For an inactive one e.g.,
We can complete this type of replacement for every R k 1 ,m , which is inactive in (10b), and can use the extracted resources to get a better η. If inactive inequalities in (10b) do not contain R k 1 ,m , a similar replacement procedure can be implemented to get a better η. Therefore, all inequalities must be active at the optimal solution and the optimality of problem (12) can be proved.
B. POSITION OPTIMIZATION
For any given nodes scheduling A and power allocations P, the position optimization problem can be solved by using SCA and be written as max
Problem (13) is non-convex due to the non-convexity of all constraints. However, the maximum achievable rates in all constraints are convex in terms of ||q m −w k || 2 or ||q m −q j || 2 , where k ∈ {k 1 , k 2 }. Thus, we apply SCA for the LHS of these constraints to get their convex lower bounds since the first-order Taylor expansion of a convex function is its global lower bound at any point [38] . An application of SCA in the LHS of constraint (13a) for
where
and q r m ∈ Q r is the location of UAV m at the r-th iteration.
Moreover, R j,m,k 2 is a convex function of ||q j − q m || 2 . We need to apply binary variables' SCA for it. The lower bound of R j,m,k 2 at the given point q r m and q r j is
Furthermore, the lower bound of constraint (9) can be reasoned by using the same method
We refer interested readers to [36] for a proof of SCA.
Based on its lower bound, problem (13) can be transferred to convex optimization problem (19) , which can be solved by CVX or the interior point method [38] max η,Q η lb,r
Algorithm 1 Block Coordinate Descent Algorithm for Problem (11). 1: Position and Resource Allocation Initialization: Q 0 , P 0 , and A 0 . 2: repeat 3: For the given Q r , we solve problem (12) to get the updated A r+1 and P r+1 . 4: For the given A r+1 and P r+1 , we solve problem (19) to get the updated Q r+1 . 5: Update r = r + 1. 6: until The fractional increase of the objective value is less than or equal to a small threshold .
V. CONVERGENCE ANALYSIS
We define η A (A r+1 , P r+1 , Q r ), and η B (A r+1 , P r+1 , Q r+1 ) as the (r + 1)-th objective value of problems (12) and (13) based on the r-th iteration result, respectively. η lb,r B (A r+1 , P r+1 , Q r+1 ) is the objective value of problem (19) with the help of SCA, and η(A r , P r , Q r ) is the result of original problem (11) based on the r-th iteration result.
As for problem (12) , since it is a convex optimization problem, we have
due to the resource optimization with the given Q r . We apply SCA for problem (13) , and we have
since the objective value of problem (19) is a lower bound. In view of inequalities above, we obtain
Therefore, we know that the objective values of problems (11), (12) , and (19) are non-decreasing and converge to a finite value, which is less than the maximum Tx-Rx rate:
(bps/Hz).
VI. SPECIAL CASES A. SPECIAL CASE 1
As a special case of our work, there are one UAV and two user sets, and the UAV aims to relay information from set 1 to set 2 by using OFDMA since two sets are far away from each other. In two user sets, users can exchange information through D2D communication technologies after or before communicating with the UAV. Therefore, all users in each set simultaneously transmitting/receiving data to/from the UAV is the worst case since they can exchange data through D2D technologies to end up this mission more efficiently. We want to prove two intuitive conclusions to simplify this problem and to maximize the minimum user rate in set 2. Lemma 2: In the downlink direction from the UAV to set 2, the solution that the UAV only communicates with one of the nearest users (having the shortest distance to the UAV) in set 2 is optimal.
Proof: Please refer to Appendix A. Lemma 3: In the uplink direction from set 1 to the UAV, the solution that the UAV only communicates with the nearest user in set 1 is not optimal.
Proof: We can use an example to prove it. Assume we have two users and one UAV, and distances between the UAV and two users are same. The rate between user i, i ∈ {1, 2} and the UAV can be expressed as
For user i, it is evident that its transmission power must be equal to its peak power P to get the maximum possible transmission rate. To simplify the calculation, we define the total available bandwidth as B = B 1 + B 2 = 2 and ρ 0 P σ 2 d 2 = 1 without loss of generality. If we assign all bandwidth to one user, the userto-UAV rate is R = 2 * log 2 (1.5). We also construct a feasible solution by equally allocating bandwidth to two users, and then R i = log 2 (2), i ∈ {1, 2} and R 1 + R 2 ≥ R. Therefore, the solution that the UAV only communicates with the nearest user in set 1 is not optimal in the uplink direction.
Therefore, special case 1 can be simplified as a model that the UAV relays information from all nearest users in set 1 to one of the nearest users in set 2, and then users exchange information by using D2D technologies, for possible insights. We solve this problem by solving two subproblems iteratively: one is a problem of D2D resource allocation in two sets, and the other is about the optimization of the UAV's location and resource allocations among the UAV and nearest users, which is left for future work.
B. SPECIAL CASE 2
In UAV communication systems, it is essential to develop accurate air-to-air and air-to-ground channel models with limited complexity in various terrain environments, and these models should be easily handled.
Based on measured data, air-to-ground and air-to-air channel models have been developed. Reference [39] proves that the probability of the air-to-ground LoS channel can be formulated as a function of elevation angles and some environment parameters. References in the literature show complicated channel models relating to path-loss and shadowing effects. For more details regarding UAV channels, readers can refer to [40] .
The channel models mentioned in [40] are too complicated to be used in reality for optimization and system design. Recently, reference [41] shows a complexity limited channel model called angle-dependent Rician fading channel whose channel gain is related to elevation angles. Compared with the LoS model, this new type of channel model is more reliable and precise, and can be used in optimization problems. In our problem with this new type of channel model, heights of UAVs will need to be optimized since the effective fading power produced by the Rician fading contributes to channel gains if we increase elevation angles. However, the path-loss finally outweighs the effective fading gain when UAVs are high enough. Therefore, it is essential to find a proper height to get the optimal solution, which makes the new channel model involved problem more complicated and meaningful.
C. SPECIAL CASE 3
In Fig. 2 , there are a pair of Tx-Rx and a UAV relay. We cannot use the BCD method with the help of SCA to maximize the Tx-Rx throughput by using a UAV as a DF relay, if the initial location of the UAV is not suitable. We explain the reason in the paragraph below. We assume that we have already gotten the optimized result η(A 1 , P 1 , Q 0 ) at the first iteration by solving problem (12) and known the optimized A 1 , P 1 . If we want to solve problem (19) to get the updated UAV location Q 1 , a problem occurs when the UAV's initial location Q 0 is between the Tx and Rx in Fig. 2 . In the location optimization problem, if the UAV flies closer to any of two users, the data it receives or transmits in the opposite direction decrease. That lets the updated η decrease, and then the UAV will stay at its initial point, and finally the location optimization algorithm will be ended up. This phenomenon is a disaster to the BCD method with the help of SCA, and we try to avoid it by designing a new position initialization approach when multiple UAVs are involved.
VII. UAV POSITION INITIALIZATION AND SIMULATION RESULTS
In this section, we introduce the UAV position initialization method and demonstrate simulation results. 
A. UAV POSITION INITIALIZATION
We recall the circular trajectory proposed by [37] and the analysis result in the special case 3. If the initial locations Fig. 5, and Fig. 6 . of UAVs are not proper, our proposed algorithm will end up at UAVs' initial locations shown by Fig. 3 . Therefore, we use a sampled and randomized circular trajectory to solve this problem shown in Fig. 4 in the sense that we sample the circular trajectory and randomize every sampled point to produce the irregular distributions of UAVs' initial locations.
We define the geometric center of users as C = k w k K 1 +K 2 . A half of the radius of a circle, which is centered at C and covers all users, is r = 1 2 * max Fig. 6 show that both the positions of UAV relays (more clear in Table 2 ) and information flows' distributions change with UAVs' powers. To show insights, we use two UAVs as relays, consider three Tx-Rx pairs, and use parameters in Table 2 and the distributions of nodes in Fig. 5 as the basic settings, unless otherwise specified. When UAVs' powers are small, UAVs tend to work together by building a cooperative relay network to get better performance, since working alone cannot achieve this goal. In Fig. 5 and Fig. 6 , the dotted line represents the information flows of the second Tx-Rx pair. When UAVs' powers are small, the left UAV sends Tx 2's data to the right one rather than sending them to Rx 2 directly. However, when the power of left UAV is large enough, such as 2 (W) in Fig. 6 , the left UAV sends received data directly to Rx 2 to enhance our system performance, and Tx 2 does not send any information to the right UAV relay. Our relay network tends to be disintegrated to multiple dual-hop links when UAVs' powers are high enough since all UAVs and Txs can use frequency resources more efficiently by working alone in this situation. Moreover, the optimized coordinates of UAV relays change with their powers in Table. 2. When UAVs' powers are small, these two UAVs not only cooperate, but also change their locations based on the total distances among all nodes. They cannot stay too far from Txs or Rxs since the transmission powers of both UAVs and Txs are small, and the far distances will reduce the total data that UAVs receive or transmit. When UAVs' powers are large enough, since UAVs tend to work alone, some of them should stay closer to their serving Txs to receive more data. However, when a UAV serves many TX-Rx pairs and its power is large enough, it still should balance the total distances among its serving nodes to thoroughly use its power, and only flying closer to Txs is not optimal in general. Therefore, this is a trade-off that the distributions of UAVs are restricted by the powers and distributions of all nodes. With the increase of UAVs' powers, the maximized minimum (max-min) Tx-Rx pair rate also increases, such as the second Tx-Rx pair in Fig. 5 and Fig. 6 (bps/Hz). However, when the number of Tx-Rx pairs and UAV relays increases, our UAV relay network's topological structure is even more complicated. Fig.7 shows the influence of UAVs' initial locations with the nodes' distributions in Fig.5 . There are two UAVs in Fig.7 , 
B. SIMULATION RESULTS

Fig. 5 and
where V fix is a fixed number. We aim to study the influence of UAVs' initial locations along with a circle. The red diamond shows the UAVs' initial locations used in Fig.5 and Fig.6 and the corresponding optimized max-min Tx-Rx pair rate. From Fig.7 , our UAVs' initial locations are not optimal among all possible locations, but they are close to the local optimal result with good enough performance. Two reasons account for this phenomenon. On one hand, our position initialization method is based on an intuitive method. In the trajectory optimization problem, one usually uses two intuitive methods to do the trajectory initialization due to their conciseness, such as the traveling salesman problem (TSP) method [5] and the circle packing theory method [37] , but no one can prove the optimality of these two methods. Our method is only a proof-of-concept and establishes a novel research framework that needs further investigation. On the other hand, our main objective is to solve the problem mentioned in the special case 3. Therefore, although our method is not optimal, it is still reasonable. In Fig.8 , we show the influence of the number of UAVs. The growth rate of the max-min Tx-Rx pair rate decreases when we increase the number of UAVs M. When the number of UAVs is large enough, we may abandon some of them to get a better result since the bandwidth is more precious in this situation. Moreover, we can get a better solution by increasing the number of UAVs. When a fractional increase of the objective value is less than or equal to a specified value in this situation, we can use this result as the final solution. Furthermore, when the number of UAVs is sufficiently large, in the initialization of UAVs' positions, if the distance between any two UAVs is less than or equal to a specified value, we need to assign a new V to one of them until this condition cannot be met to avoid overlapping. When there are too many UAVs in the sky, it will be hard to control them and keep them synchronized. Fig.9 shows that the comparison among different algorithms. 1) Our proposed algorithm in algorithm 1, 2) Average resource allocation algorithm, both the power and the bandwidth allocated to every link are equal to calculated average values, and we solve the position optimization problem (19) . 3) Fixed location algorithm, the fixed locations of UAVs are equal to their initial values in 1), and we solve the resource optimization problem (12). 4) K-means clustering algorithm, we use the k-means clustering algorithm to get the locations of UAVs whose locations are the centers of clusters, and we solve the resource optimization problem (12) .
We use five Tx-Rx pairs and three UAVs in Fig. 9 to show a more general result. The growth rate of the max-min throughput decreases when we increase UAVs' powers for all four algorithms. When powers of UAV relays are small, our system performance is limited by them, and we can enhance the system performance by increasing them to relay more data. However, when powers of UAVs are large enough, Txs' powers start to limit the system performance for a similar reason. Therefore, the curve slope (growth rate) in Fig. 9 . is continuously decreasing for these two reasons.
The performance of the fixed location algorithm highly depends on preassigned UAVs' locations. Fig. 9 shows that our location initialization method can provide suitable locations for UAVs to obtain acceptable performance by comparing algorithms 1 and 3. Moreover, when UAVs' powers are small, the performance of algorithm 3 is almost equivalent to that of our proposed algorithm since when limited resources are the main reason for low performance, optimization cannot help too much. Our proposed algorithm actually works well if we have sufficient resources in Fig. 9 .
The idea (k-means clustering) in algorithm 4 has been widely used in sensor networks, due to its simplicity and effectiveness, since sensor nodes usually only have limited energy and cannot replace their battery. We need to place some sink nodes mentioned in Section I to collect their data and forward them to other specified nodes, to extend the sensor network lifetime. We use algorithm 4 here as a representative benchmark scheme and can be seen as a special case of the algorithm 3. The main difference is that algorithm 4 may encounter the problem mentioned in the special case 3. Moreover, in Fig. 9 , the curve of algorithm 3 is smoother than that of algorithm 4. This phenomenon is due to the locations of UAVs. In algorithm 3, we distribute UAVs around a circle in the initialization stage, which leads to clustered UAVs. However, the UAVs' locations, in algorithm 4, are totally separated since all ground nodes are totally separated in simulation setups, which leads to the fact that algorithm 4 is more sensitive to the increasing UAVs' powers. In Fig. 9 , the performance of algorithm 4 is better than that of algorithm 3 at some points, which is due to two reasons that our initialization method is not optimal since it is based on an intuitive method, and it mainly aims to solve the problem mentioned in the special case 3. Based on Fig. 7 and Fig. 9 , although our initialization method is not optimal, it is still good enough.
For algorithm 2, since we only have limited bandwidth resources, even though we increase UAVs' powers to considerable values, the optimized result still converges to a finite number in Fig. 9 , which can be explained by the Shannon formula. Moreover, evenly allocating bandwidth wastes this precious resource, and the optimized result will compromise with it, which leads to the worst performance. Base on algorithms 1 and 2, we can show the effectiveness of the algorithm solving the resource optimization problem (12) , and the effectiveness of the algorithm solving the position optimization problem (19) can be proved based on algorithms 1, 3, and 4. Therefore, the effectiveness of our proposed algorithm can be guaranteed. Fig. 10 shows that our proposed algorithm converges in about 14 iterations for a realization of 3 UAVs and 5 Tx-Rx pairs, and this result coincides with the convergence analysis result. The convergence behavior is similar for different powers and nodes' distributions. Our system model can be seen as a single time slot time-average trajectory optimization problem, which leads to converging at a high speed with limited complexity. Moreover, Fig. 11 shows how d min affects the distances among UAVs. When d min is small, we can omit it while trying to obtain the optimized solution since the minimum distance among UAVs is larger than it. However, with the increase of d min , the optimized solution starts to compromise with it, which finally leads to degraded performance. Therefore, we need to carefully select d min to balance the security concerns and performance requirements, which is another trade-off in our work.
VIII. CONCLUSION
In this paper, we investigate a multi-UAV-aided relaying system, where many UAV relays help some transmitters communicate with their corresponding receivers, and we aim to maximize the paired Tx-Rxs' minimum rate by optimizing the UAVs' positions and resource allocations together. We solve a non-convex optimization problem by using block coordinate descent and successive convex approximation techniques. We also discuss some special cases of our problem to show some insights and also propose a modified position initialization method. Simulations show the effectiveness of our proposed algorithm, some interesting trade-offs about the optimized UAVs' locations, and the influence of available resources. We hope that this paper can provide insights into UAV position optimization problems in more general scenarios since a better utilization of the distributions of nodes and backhaul links' causality is crucial for the performance optimization.
APPENDIX A PROOF OF LEMMA 2
Assume that there are I users who have the same distance (shortest), d, to the UAV, and users having larger distances should be abandoned to enhance the system throughput. We define B as the total bandwidth used for links between the UAV and I users, and P as the total power of the UAV. If we assign all resources to one of I users, then the total UAV-touser rates are equal to R = B ln(1 + P/B), where ρ 0 d 2 δ 2 is equal to 1 without loss of generality. We want to maximize the total outputs in the downlink direction and use ln rather than log 2 to simplify the derivative.
The goal of problem (27) is to find the optimal resource allocation result among I users and the UAV, and then we will show that the optimal outcome can also be produced by only communicating with one of the nearest users. Problem (27) is a convex optimization problem, and we can write its Lagrange function and some KKT condition as
We can get
Since P i B i is a fixed value, we can rewrite problem (27) into
Moreover, since k is a constant, the optimal objective value can be expressed as
When k < P B , since − ln(1 + k)B is a monotonically decreasing function of k, we get the minimum value at k = P B . When k ≥ P B , we can construct a new variable x = 1 k , 0 ≤ x ≤ B P , and a new function −Px ln(1 + 1 x ), which is a monotonically decreasing function of x. The reason is that the first derivative of this function is ln(1 + 1
x ) − 1 x+1 , and it is always greater than or at least equal to 0 in its domain. Thus, we can also get the minimum value at k = P B . Therefore, the optimal value of k is P B . It shows that if every scheduled UAV-to-user link's SNR meets this ratio, we can get the optimal output. We can construct a realization of P i and B i with P i = P/I and B i = B/I to get the optimal output R = B ln(1 + P/B), which is also equal to the rate when the UAV only communicates with one of I users.
